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Abstract

Independence of causal influence (ICI) offer a high level starting point for the design of Bayesian networks. However,
these models are not as widely applied as they could, as their behavior is often not well-understood. One approach is to
employ qualitative probabilistic network theory in order to derive a qualitative characterization of ICI models. In this
paper we analyze the qualitative properties of ICI models with binary random variables. Qualitative properties are shown
to follow from the characteristics of the Boolean function underlying the model. In addition, it is demonstrated that the
theory also allows finding constraints on the model parameters given knowledge of the qualitative properties. This high-
level qualitative characterization offers a new way of identifying suitable ICI models and may facilitate their exploitation in
developing real-world Bayesian networks.
© 2007 Elsevier Inc. All rights reserved.
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1. Introduction

Since the end of the 1980s, the theory of Bayesian networks has gained considerable attention in the field of
artificial intelligence, as it offers a powerful framework for the representation of and reasoning with uncer-
tainty [16]. On the one hand, the theory provides methods for the representation of the dependence and inde-
pendence information associated with a domain, as well as methods for the representation of the underlying
uncertainties. On the other hand, methods to reason with the specified dependencies, independencies and
uncertainties are available. The (in)dependence information is specified by means of an acyclic directed graph,
whereas the uncertainties are specified by means of a joint probability distribution that respects the indepen-
dence information specified in the graph. The joint probability distribution is fully determined by a set of local
probability distributions, usually in the form of conditional probability tables.
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In designing Bayesian networks, developers try to create acyclic directed graphs that are as sparse as pos-
sible, as the size of a conditional probability table is exponential in the number of associated variables. Cre-
ating sparse graphs not only saves space, but may also speed up probabilistic inference. Unfortunately, the
creation of sparse graphs for a given problem may not always be possible. However, by imposing extra inde-
pendence assumptions, supplemented by assumptions of functional dependence, it may be possible to reduce
the number of conditional probabilities that need to be assessed. The theory of independence of causal influence
(ICI), also known as causal independence, is especially suited for this purpose [17,15,9,4].

ICI theory adopts specific independence assumptions to model the interactions between a set of cause vari-
ables and an effect variable; using this approach, the number of parameters that need to be estimated decreases
from exponential to linear in the number of variables. The noisy OR model, that expresses that the presence of
one or more causes is sufficient to give rise to the occurrence of the effect, is an example of an ICI model that is
widely used in practice [§8,10,3]. It has been used in the QMR-DT system, which includes knowledge of approx-
imately 600 diseases and approximately 4000 findings [19], the Promedas system, which aims to cover a large
diagnostic repertoire of internal medicine [12], and in DIAVAL, an expert system for electrocardiography that
uses a generalization of the noisy OR for non-binary random variables [5]. Another, frequently used ICI
model is the noisy AND model; it expresses that all causes must be present in order to give rise to the effect.
It has, for example, been used to model the joint effect of antibiotics on bacteria causing ventilator-associated
pneumonia in patients [14].

The noisy OR and noisy AND models are special cases of ICI models based on Boolean functions since in
principle any of the 2% possible n-ary Boolean functions can be used to model deterministic interactions
between cause and effect variables. Given the favorable properties of ICI models, it is unfortunate that only
very few of these are used in practice: only the mentioned noisy OR and noisy AND are popular amongst
developers. This is caused by the fact that it is often unclear with what behavior a particular ICI model is
endowed when choosing a particular Boolean function. In [13] this problem was addressed by exploiting qual-
itative probabilistic network (QPN) theory to characterize the behavior of ICI models in terms of influences and
synergies [20]. Such a qualitative characterization may then be matched with the behavior that is dictated by
the domain, as suggested in Fig. 1. The qualitative pattern associated with a particular ICI model is termed a
qualitative causal pattern.

The idea that QPN theory might be suitable for analyzing the behavior of ICI models was already recog-
nized by Wellman, who states that: . . .prototypical patterns of systematic interaction might alleviate the burden
of specifying qualitative synergies” and . . .we should expect non-ambiguous synergy results from canonical mod-
els because any representation that specifies an n-way influence in terms of O(n) parameters must employ some
systematic assumption about interactions” [20]. However, Lucas [13] offers the first systematic approach to ana-
lyzing ICI models in terms of QPN theory. This was done in particular for decomposable ICI models, i.e., ICI
models which are characterized in terms of binary functions. There are 16 binary Boolean functions, which can
be used to compose a subset of n-ary Boolean function, and which can be classified in terms of presence or
absence of the properties of associativity and commutativity. The previously discussed noisy OR model is based
on the Boolean OR, which is both commutative and associative. Although this offers an analysis of a useful
subset of Boolean functions, a general characterization of the behavior of Boolean functions is not provided.

The present paper offers a substantial generalization of previously published results as it develops a general
theory of qualitative causal patterns. The theory identifies:

(1) The qualitative behavior that holds for a given ICI model.
(2) Properties of ICI models that hold given a qualitative specification.

Causal Derived Required }
L match? 0L Domain
Independence = qualitative |- » qualitative
. . . . Knowledge
Model interactions interactions

Fig. 1. Comparing the observed qualitative behavior of an ICI model with the desired qualitative behavior as specified by a domain
expert.
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The theory developed in this paper is useful in Bayesian network design, as it provides a tool for matching
desired qualitative behavior of ICI models with the appropriate structural and quantitative parameters. Fur-
thermore, a more widespread use of ICI models in Bayesian networks will facilitate the intelligibility of net-
work behavior, allow the construction of denser networks, and ease the estimation of network parameters.

The structure of this paper is as follows. In Section 2 we review some necessary preliminaries, drawing upon
Bayesian network, ICI and QPN theory. Subsequently, we study some general properties of ICI models in Sec-
tion 3. These properties are then used to identify the qualitative behavior for different Boolean functions in
Section 4. Finally, in Section 5 we round off with a discussion of the obtained results.

2. Preliminaries

In this section we will subsequently discuss Bayesian networks, ICI models, the running example of this
paper, and QPN theory.

2.1. Bayesian networks

Bayesian networks, also called belief networks or probabilistic networks, were introduced in the 1980s as a
framework for probabilistic inference [16]. A Bayesian network representation consists of an acyclic directed
graph and an associated joint probability distribution that reflects the independence information specified in
the graph.

We make use of the following graph-theoretical concepts in the definition of a Bayesian network. We define
a graph as a pair G = (V,E), where V is a finite set of vertices and E C V x V is a finite set of edges. If for all
pairs (v,v') € E it holds that (v/,v) € E, then we say that the graph is directed. 1If, additionally, there is no
sequence vy, . . . , v, of distinct vertices such that (v;,_;,v;) € E and vy = v,, then the graph is an acyclic directed
graph, or ADG for short. The parent set of a vertex v € V is defined as the set ng(v) = {v/|(v/,v) € E}.

Let P be a joint probability distribution of a set of random variables X and assume that there is a one-to-
one correspondence between the vertices in V and the variables in X. We denote a random variable that cor-
responds with a vertex v € V by X, and a set of random variables that corresponds with a set of vertices
W CV by Xw. A Bayesian network % is then defined as a pair 4 = (G, P), where G = (V,E) is an ADG
and P is a joint probability distribution that factorizes as

P(Xy) = [ [ PO elX ro)-
veVvV

In the following, to simplify notation, we will use vertices V and random variables in Xy interchangeably,
where the interpretation will be clear from the context. In this paper, it is assumed that all random variables
are binary. We will use x to denote X = T (logical truth) and X to denote X =1 (logical falsehood). If the value
of variable X is either true of false, but unspecified, then this is indicated by X = X, or simply by x.

2.2. ICI models

Independence of causal influence is the notion that causes are independently contributing to the occurrence
of an effect through some pattern of interaction, represented as a set of local conditional probability distribu-

Fig. 2. ICI model.
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tions of a Bayesian network [9]. The associated Bayesian network structure is depicted in Fig. 2, where
variables C; indicate cause variables, M intermediate variables and FE is an effect variable. Let B = {1, T}.
We use ¢ € B”, possibly with a subscript, to denote an element of B" for vectors C = (Cy,...,C,); similarly,
we use m € B” for elements of M = (M,,...,M,). These are called configurations. To reduce the use of
numeric indices, we associate with each cause variable C an intermediate variable M. Independence of causal
influence is captured by the requirement that an intermediate variable M € M is dependent of cause variable
C and independent of the other cause variables C\ {C}. According to the independence structure shown in
Fig. 2, it holds that:

= ZP(e|m (mc) = ZP e/m) HP m;|é;). (1)

An intermediate variable M can be interpreted as modulating the contribution of a cause C to the effect £ and
often specific assumptions are made about this contribution. In this paper, we assume that both consequenti-
ality and accountability hold. Consequentiality states that the truth of a cause variable increases our belief that
the associated intermediate variable is true as well. Formally, we require that P(mc|c) > P(mc|c). Accountabil-
ity states that the truth of an intermediate variable must imply the truth of its associated cause variable; for-
mally, P(mc|c) =0. The conditional probability distribution P(E|M) used in Eq. (1) is assumed to be
deterministic in ICI models, and, thus, can be taken as representing a function f :B" — B, such that
P(elm) = 1 if f(m) = e and P(elm) = 0 otherwise. An ICI model is now defined formally as follows:

Definition 1 (/CI model). An ICI model € is a tuple (C,M, E, f, P), where C is a set of cause variables, M is a
set of intermediate variables, E is an effect variable, f is an interaction function and P is a set of parameters
{P(M|C)|C € C}, with M € M, for each C € C and vice versa, such that

= 3 I[P0nfa) @
f(m)=e i=1

By f(m) = e is denoted the situation where both f(m) = ¢ and E = e hold. The probability P(mc|c) will often
be abbreviated to P(m|c). In the literature different interpretations of independence of causal influence exist,
often taking the form of restrictions on an interaction function f that underlies the model [2,9]. Here, we as-
sume that an interaction function can be any Boolean function f : B" — B.

An ICI model € = (C,M,E,f,P) can act as the basis for the specification of a Bayesian network
% = (G, P), with ADG G = (V,E), as depicted in Fig. 2, and joint probability distribution P, where G respects
all the dependences represented by the joint probability distribution P. The vertices in G are given by

V=CUMU({E}
such that the sets C,M and {E} are disjoint, and the arcs in G are given by
E = {(C,Mc)|C € C} U{(M,E)|M € M}

In addition to the parameters P(M.|C) and the interaction function f, we also need to specify a prior joint
probability distribution P(C) to obtain a complete specification of the Bayesian network 4.

In the sequel, we will often use the notation P[f] to refer to the probability distribution P(E|c). We can
alternatively write Eq. (2) in somewhat generalized form as

Flele) = 3 fmpPlmie) = Zﬂm)_f[z)(m,-\e,-), (3)

where we make use of the analogy between Boolean algebra and ordinary arithmetic by interpreting | as 0
and T as 1, i.e., if f(m) = L this is interpreted as /(m) = 0, and as f(m) = 1 otherwise [1]. We will sometimes
employ functions f that are not Boolean; even then Eq. (3) still applies, where P[f](e|c) can be interpreted as
the conditional expectation of f given c. If f'is a constant and there are no cause variables C then P[f] =
As an example of a realistic ICI model that will be used to illustrate the theory developed in this paper,
consider the ICI model shown in Fig. 3 that represents a piece of medical knowledge with respect to the prog-
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Illness Treatment 1 Treatment 2 . .
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Fig. 3. A prognostic model of survival in serious illness, modeling the interaction between two drugs, expressed as an ICI model.

( S =(-BA-Ey AN-E3)V (E1 AN—E3)V (mE1 A Eg) )

nosis of a serious illness (I), such as malignant hypertension due to chronic kidney infection, infectious hyper-
tension for short, which is handled by two alternative treatments 7'y, an antihypertensive drug, and T, rifam-
pin (an antibiotic)." The seriousness of the infectious hypertension is reflected by the fact that we are interested
in the survival (S) (e.g., within the next 5 years) of a patient with this illness. The resulting ICI model is shown
in Fig. 3. The variable B stands for body failure due to the illness, E| stands for the effectiveness of treatment
T, and E, for the effectiveness of treatment 7',. If body failure occurs and the disease cause is eradicated, it is
assumed that the patient will survive. However, if both treatments 7 and T, are effective then the patient will
not survive due to the synergistic interaction between the two treatments (rifampin in conjunction with the
antihypertensive drug). This can be expressed by means of a Boolean function f defined by the following Bool-
ean expression:

S = (_\B AN _\E] AN _\Ez) V (El N _\Ez) V <_\E1 /\Ez) (4)

(survival is equivalent to the absence of body failure or eradication of the disease due either treatment 7| or
T, but not both). In the sequel, we will use Boolean functions and Boolean expressions interchangeably. The
qualitative behavior that arises from this choice should then be in accordance with the domain knowledge as
stated above.

According to what has been said above, the Bayesian network model is an example of an ICI model. It will
be called the prognostic model in the following. Here, the variables 7, 7| and T, act as cause variables and B,
E, and E, are the intermediate variables. For example, we have that B = M.

There are two main tasks in building an ICI model. The first is to determine the underlying interaction func-
tion f, in the example a Boolean function that is assumed to model the interaction between the factors Body
Failure (B), Effectiveness 1 (E,) and Effectiveness 2 (E,) with respect to Survival (S), where S is the effect var-
iable. The second task is to estimate the parameters P(B|I), P(E,|T) and P(E,|T,). Notice that just three con-
ditional probabilities need to be estimated, as P(mc|c) is assumed to be zero for each cause variable C.
Examples of ICI models that model other real-world problems and employ alternative interaction functions
can be found in [13].

2.3. Qualitative probabilistic networks

Recall that the aim of the research underlying this paper is to develop a theory that is able to assist Bayesian
network developers in quantifying Bayesian networks using qualitative knowledge from a problem domain.
Qualitative probabilistic networks are at the core of this theory. We will therefore briefly summarize the theory
of qualitative probabilistic networks.

Qualitative probabilistic networks (QPNs) were introduced by Wellman as a qualitative abstraction of
ordinary Bayesian networks [20]. The relationships between variables are described by the concepts of influ-

! The choice of these drugs was inspired by the death of Slobodan Milosevic. It is hypothesized that his death was due to the combined
effect of an antihypertensive drug, which was meant to reduce the height of his blood pressure, and the antibiotic rifampin, which
counteracted the effect of the antihypertensive drug. Here, we abstract away from the actual course of events.
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ences and synergies. In the following, let (G, P) be a Bayesian network, let 4, B, C € X be binary random vari-
ables and let (4,C) and (B, C) be arcs in G.

A qualitative influence expresses how the value of one variable influences the probability of observing val-
ues for another variable.

Definition 2 (Qualitative influence). Let X denote ng(C) \ {4}. We say that there is a positive qualitative
influence of 4 on C, written as 64_.c = +, if

5A~>C(X) :P(C|a,X) —P(C|C_1,X) = Oa

regardless of the configuration x, with a strict inequality for at least one configuration x. Negative (0,4_.c = —)
and zero qualitative influences (d4_c = 0) are defined analogously, replacing > by < and = respectively. If
there are values x and x/, such that

P(cla,x) — P(c|a,x) >0 and P(c|a,x') — P(cla,x') <0,

then we say that the qualitative influence is non-monotonic, denoted by d,_.c = ~. If none of these cases hold,
i.e., when there is incomplete information about the probability distribution, then we say that the qualitative
influence is ambiguous, written as o4_.c = 7.

Example 3. In order to illustrate the qualitative concepts we assume for the moment that the exact probabil-
ities associated with the prognostic model are known. We assume P(bli) = 0.9, P(e|t;) = 0.3 and P(es|t,) =
0.6. Hence, it is very likely that a serious illness gives rise to body failure, as it occurs in 90% of cases, treat-
ment T is effective in 30% of the patients and treatment 7', is effective in 60% of the patients. What then, we
might ask, is the qualitative influence of a serious illness on the survival? This is computed as follows, where
the Boolean function fis defined by the Boolean expression (4):

dr-s({ti. 12}) = Pf](sli, 11,22) — P[f](s[1, 11, 12) = P(e1[t1)P(e2|t2) (P(bli) — P(7)).

It follows that 51_,5({l1,t2}) = —0252, 51_.5({?1,12}) = —0.36, 51—»5({t1;?2}) = —0.63 and 51_,5({21,;2}) =
—0.9. In accordance with our expectations, serious illness appears to have a negative influence on survival.

An additive synergy expresses how the interaction between two variables influences the probability of observ-
ing values for a third variable.

Definition 4 (Additive synergy). Let X denote ng(C) \ {4, B}. We say that there is a positive additive synergy of
A4 and B on C, written as 6.4z —c = +, if

S(a8)—c(x) = P(cla,b,x) + P(c|a,b,x) — P(c|a,b,x) — P(cla,b,x) = 0,
regardless of the configuration x, with a strict inequality for at least one configuration x. Negative, zero, non-

monotonic and ambiguous additive synergies are defined analogous to qualitative influences.

Example 5. With regard to the prognostic model, we might be interested in the additive synergy between seri-
ous illness and treatment 7'; with respect to survival. This is computed as follows, where again we employ
Boolean expression (4):

dury-s({t2}) = Plf1(sli, 11, 2) + P[f1(s[7, 71, 22) — P[f)(s]7, 11, 22) — P[f](s]i, 71, 22)
= P(ea]tz)(P(bli) — 1)(P(&1]t) — 1).
It follows that 6, 7,)—.s({t»}) = 0.108 and 0, 7,)—.s({#.}) = 0.27 such that illness / and treatment 7'; have a po-
sitive additive synergy with respect to survival.

A product synergy expresses how upon observation of a common child of two vertices, observing the value
of one parent vertex influences the probability of observing a value for the other parent vertex. The original
definition of a product synergy is as follows [11].
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Definition 6 (Product synergy). Let X denote ng(C) \ {4, B}. We say that there is a positive product synergy of
4 and B with regard to the value ¢ of variable C, written as d(, 5 = +, if

845 -c(x) = P(¢la,b,x)P(¢la, b, x) — P(¢|a, b,x)P(¢|a, b,x) > 0,

regardless of the configuration x, with a strict inequality for at least one configuration x. It is assumed that the
value ¢ of variable C is either true or false. Negative, zero, non-monotonic and ambiguous product synergies
are again defined analogous to the corresponding types of qualitative influences.

Example 7. With regard to the prognostic model, the product synergy between treatments 7, and 7T, in the
case of survival, is computed as follows:

5?T1,T2)HS({i}) = P[f](Sﬁ, t17t2) : P[f](sﬁviﬁ) - P[f](sﬁvfl?h) : P[f](sﬁv t1722) = —P(€1|t1)P(62|t2).

It follows that dy;, r,, s({1}) = &{r, 1, s({i}) = 0.18 such that treatments 7, and 7 have a positive product
synergy with respect to survival. This positive product synergy arises due to the fact that in the case of survival
of a patient, it is more likely that one of both treatments is given. The presence of both 7| and T, and the
absence of both 7| and T, will lead to patient death.

The following lemma states that for binary random variables, the product synergy when C = L is partially
determined by the associated additive synergy.

Lemma 8. For binary random variables, the product synergy when C = L is determined by the product synergy
when C =T and the additive synergy through the following equality:

5?A,B)ﬂc(x) = 5?,4‘3)%0(") = Ou8)-c(X).

Proof

5EA,B)~>C(X) = P(aav Z’v X)P(E|a, b, X) - P(E|a7 Ev X)P(aa? b, X)
= (1 - P(C‘(TZ, Z)a X))(l - P(C|aa ba X)) - (1 - P(C|aa Z)v X))(l - P(C‘Zla ba X))
= (P(c|a, b,x)P(c|a,b,x) — P(c|a, b,x)P(c|a,b,x)) — (P(c|a,b,x) + P(c|a, b,x)
— P(cla, Bvx) - P(C|Zl, b, X)) = 5?AB>HC(X) - 5(A=B>—>C(X)' U
Modifications to the definition of a product synergy have been made after the observation that Definition 6 is
incomplete when parent vertices in X are uninstantiated [7,6]. In other words
Vx[P(¢|a, b, x)P(¢|a, b, x) — P(&|a, b, x)P(¢|a,b,x) < 0
#P(¢|a,b)P(¢|a,b) — P(¢|a, b)P(¢|a,b) < 0].

This so-called type II product synergy can be formalized in terms of the more intuitive notion of an intercausal
influence [18].

Definition 9 (Intercausal influence). Let X denote ng(B) Ung(C) \ {4}. Then a variable A exhibits a positive
intercausal influence on B with regard to the value ¢ if

P(bla,¢,x) — P(bla,é,x) = 0,

regardless of the configuration x. Negative, zero, non-monotonic and ambiguous intercausal influences are
again defined analogous to the corresponding types of qualitative influences.

For ICI models, intercausal influences describe the dependence between two causes C and C' when the
value of the effect variable is observed. We therefore compute P(c'|c,é,¢,) — P(c'|¢, é,¢;) for all values ¢, of
the causes C, = C\ {C, C'}. Using Bayes’ rule we obtain the equal expression:

P(ele,c',e2)P(c'|c,e2)  P(efe, ', er)P(c']e, ) (5)

P(elc,c) P(efe,c)
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Note that P(c'|c,¢r) = P(c'|e,¢;) = P(¢'), as cause variables are independent. This leads to the following
expression, whose sign equals that of Formula (5):

P(éle, cp)P(éle, ' ¢y) — P(ele, er)P(ele, ', er).

By rewriting P(éle,c,) as  P(éle,c,¢)P(c') + P(éle, &, ¢)P(¢') and P(é|c,c;) as  P(éle,c,¢)P(c)+
P(élc,,¢,)P(¢"), we obtain

P(elc,c’,e2)P(e|e, ', ep) — P(e|e, ', e2)P(elc, T, ),

which is the definition of the product synergy, specialized to ICI models. Hence, for ICI models over binary
variables the product synergy and intercausal influences are equivalent.

So far, we have assumed that the parameters P(m¢|c) are known when qualitative properties are computed.
However, the goal of this paper is to qualitatively characterize ICI models with varying interaction functions.
Therefore, we abstract away from the parameters and derive the qualitative properties solely by taking into
account the properties of a ICI model’s interaction function. In the next section, we infer some general prop-
erties of ICI models.

3. Properties of ICI models

In this section, we will investigate general properties of the probability distribution P[f], where it is assumed
that f'is a Boolean function.

3.1. General properties

Lemma 10 states that P[f] is bounded by f = 1 and f = T, which is a basic result due to the first axiom of
probability theory.
Lemma 10. 0 =P[L] < P[f] < P[T]=1.

Lemmas 11-13 show how ICI models may be decomposed by decomposing the Boolean function. We will
make use of the analogy between Boolean algebra and ordinary arithmetic by interpreting 1 as0and T as 1 in
an arithmetic context [1], in order to allow for a compact notation.

Lemma 11. P[-f] =1 —P[f].

Proof
P[~f](ele) = > (1= f(m))P(mlc) = " P(m|c) — > f(m)P(mlc) = 1 — P[f](elc). O

m m m

Lemma 12. P[f V '] = 1 — P[=f A —f"] = P[f] + P[f'] — P[f A f7].

Proof. As fV f' = =(=f A—=f"), we obtain P[-(—=f A—f")](elc) =1 —P[=f A—f'](e|c). It also holds that

Plf VS =Plf A1+ Plf A=f'|+P[=f Af]. Since P[f]=P[fAf]+P[fA—-f]and P[] =Pf" Af]+
P[f’ A =f] we obtain the second equality. [

Lemma 13. If f A f' = L then P[f V f'] = P[fof’] = P[f] + P[f'], where & represents the exclusive OR.

Proof. The operator fof’ is defined as (f A —f") V (=f A f7). As this is equivalent to (f'V /") A=(f A f7), it
follows straight from Lemma 12 that if f A f/ = L then P[f V /] = P[f] + P[f']. O

Sometimes, we will add two Boolean functions or compute the difference between two Boolean functions
within an ICI model. In that case, Lemma 10 does not hold and the expression is not a proper probability
distribution anymore, but can be interpreted as a conditional expectation. The following lemma follows
directly from the linearity property of conditional expectation.
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Lemma 14. Plaf + bf'] = aP|f] + bP[f’] for constants a and b.

P[f] can be bounded from below and above through the following inequalities.
Corollary 15. P[f A /'] < P[f] < P[f VvV f'] < P[f]+ P[]
Proof
P[f A S Zf P(mle) < Zf P(mlc) = P[f](elc)

<Z(f(m)+f(m)—f(m)f’(m))P(mIC) PIF V£ (ele) < 570 (m) + £/ (m))P(mle)
— Plf](ele) + Pf'f[(ele). O

3.2. Analytical tools

Next, we introduce a number of analytical tools that will be used in the subsequent sections.

Definition 16 (Curry). Let f B" — B be a Boolean function. Then, the curry of f, denoted by fx,—;,, is defined
as the function fy —;, : : B! — B, such that Sx=2, (X1, X X %) = (R XL X X, X))

Central to the analysis is the notion of a partial order < on configurations of C and M.

Definition 17 (Ordered Boolean n-tuples). Let m = (i, ..., m,),¢ = (¢1,...,¢,) € B" be Boolean n-tuples. It
holds thatm < ciff m; < ¢; foralli, 1 <i < n, where L< T The relation m < ¢ holds iff m < ¢ and m # ¢ and
the relation > is defined analogously.

Note that for any two tuples m and c it holds that either m < ¢, m > ¢, m = ¢ or 3Clic < ¢] A IC [me > ]
If the latter holds then we say that m and ¢ are incomparable. By means of this ordering we are in a
position to compare configurations m of the intermediate variables M with configurations ¢ of the cause
variables C. In other words, we can compare intermediate states with causal states and prove the following
lemmas.

Lemma 18. m = ¢ = P(mj|c) > 0.

Proof. If m = ¢, then
P(m|c) = HP mele) P(mcle)'™ HP melc)’
ceC ceC
due to the assumptions that P(mclc) > 0 and P(mclc) =0. O
Lemma 18 states that the probability that an intermediate state is equal to the causal state is always larger

than zero. Hence, the causal state always conveys information about the actual state of the intermediate
variables.

Lemma 19. P(m|c) >0 =-¢ > m.

Proof. If ¢2m then there is some cause variable C = 1 and M. = T. Since P(mc|c) =0 it holds that
P(mcle) =0. O

Lemma 19 follows from the notion of accountability and states that the truth of an intermediate variable
always implies the truth of its associated cause variable. It is an important lemma, as it essentially shows that
we can ignore all configurations m that are not smaller than or equal, or incomparable, to a given configura-
tion c.

The following lemmas demonstrate how a choice of the parameters influences the value of P(m|c).

Lemma 20. VC[P(mc|c) = 1] = Vm # ¢[P(m|c) = 0] for arbitrary c.
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Proof. Choose P(mc|c) =1 for each C € C. If m=c¢, then P(m|c) =1, and necessarily P(m|c) =0 for
m#c U

Lemma 20 states that if the causal relationship between the causes C the intermediates M ¢ is deterministic,
it is not allowed that the values of causes and intermediate variables differ, which is as expected.

Lemma 21. YC[P(mclc) < 1] = Vm < ¢[P(m|c) > O] for arbitrary c.

Proof. Since m < ¢ we have that for each cause variable C such that M- = T also C = T and for each C such
that M = L it is the case that either C = 1 or C = T. Therefore, we may write

P(mle) = [ P(mcle)" Plincle) <",
ceC

since P(mc|c) =1 by assumption. Since 0 < P(mc|c) <1 by assumption, we have P(mc|c) > 0 and
P(inc|c) > 0, which proves the proposition. [J

Lemma 21 states that if there is an uncertain causal relationship between every cause C and its associated
intermediate variable M ¢, then it follows that each intermediate state whose true variables form a subset of the
true cause variables, has a non-zero probability of occurring.

As the qualitative behavior of an ICI model is completely determined by its interaction function, in the fol-
lowing we will frequently investigate how these functions behave. This analysis will frequently go beyond pure
Boolean functions, as some of the interaction patterns are the result of adding and subtracting Boolean func-
tions. Considerable insight into the interaction patterns is obtained by looking at the function values (positive,
negative or zero) of the resulting function for configurations smaller than a given configuration. For this,
introduction of a special notation will be convenient, as given in the following definition:

Definition 22 (Initial non-negative, non-positive function values). Let ¢ : B” — W be a function, where
W={-b,...,0,...,b} C Z, then q is said to have initial non-negative function values, denoted by V ;;, if

Im([g(m) € {1,...,b}] AVm' < mlg(m) € {0,....b]].

Similarly, ¢ is said to have initial non-positive function values, denoted by V', if qu holds.

Thus, V;r means that the function value of ¢ is positive for some value m, and takes non-negative values for
any value m’ lower in the ordering <. The meaning of V" is analogous.

As an example, consider a function ¢ that indicates quality of life, where the variables ‘happiness’ and
‘beauty’, abbreviated to H and B, are used as summary variables. It is defined as follows. With
q(h,b) = 1 is indicated maximal quality of life; for all (h,b) < (h,b), for example (h,b) < (h,b), unsatisfac-
tory quality of life is quantified by q(fz,B) = 0. Thus, for this quality of life function V; holds whereas V'
does not. The properties V; and V' of a function ¢ will be important tools for the qualitative analysis of
ICI models.

4. Qualitative properties of ICI Models

In this section, it is assumed that a Boolean interaction function underlying an ICI model is given; we then
identify the signs of qualitative influences (Section 4.1), additive synergies (Section 4.2) and product synergies
(Section 4.3). These results can also be used to identify Boolean functions that respect a particular qualitative
characterization.

Note that we can assume that the causes are direct parents of E as the intermediate variables are margin-
alized out of the final computation of P[f](e|c) (cf. Eq. (2)). For our analysis, we assume some fixed ICI model
over a set C of n cause variables, in which we focus on the interaction between different cause variables
C and C' and the effect variable E, where we abbreviate M- by M and M~ by M’. Throughout this paper
we will use M; to denote M\ {M} and M, to denote M\ {M,M'}. Likewise, we will use C; to denote
C\ {C} and C, to denote C\ {C,C'}.
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4.1. Qualitative influences

Let dc_g[f] denote dc_ g where f is the interaction function of the corresponding ICI model. A qualitative
influence oc_.g[f] between a cause C and effect E denotes how the observation of C influences the observation
of the effect e. The sign of a qualitative influence for an ICI model mediated by a function fis then determined
by the sign of

dc-elf](er) = Plf](ele,e1) — Plf](efc, e1). (6)

The analysis of qualitative influences requires that we isolate the contribution of particular cause variables C
with respect to the effect E. By writing

(efe,er) Zf P(mle) = P(m|¢)P[f,](eler) + (1 — P(m|¢))P(fx](e|er)

= Plfal(ele)) + P(m|e)Plg](eler), (7)

where g denotes the difference function f,, — f, we obtain this isolation of C from the remainder of the cause
variables. Sometimes, we wish to refer to the variable M over which we vary the interaction function f, and
then the notation g,, is used. Note that it holds for the difference function that g(m;) € {—1,0,1}. If we sub-
stitute Eq. (7) into (6) we obtain the following equation for the sign of a qualitative influence in ICI models:

dc-elfl(er) = (P(mlc) — P(m|c)) - P[g](e|er).

Under the assumption that P(m|c) > P(m|c), which always holds under the assumption of accountability, i.e.,
P(m|e) = 0 (cf. Section 2.2), we may write

dc—elf](er) o Plg](efer). (8)

We use Definition 17 and its associated lemmas to derive some properties of qualitative influences in ICI mod-
els. We can write

|Cl Zg ml ml\cl

where the configuration m; ranges over all elements of B"~'. Let these configurations m; be represented by m!,

fori=1,...,2"", and ordered such that if m| < m/ then i < j. The configurations ¢, of C; may also be any
element of B"~' and we assume that they are ordered likewise such that ¢! = m/ fori = 1,...,2""". From Lem-
ma 19 it follows that for each configuration c;:
Plg](eler) = > g(my)P(myfer). 9)
m; <c¢j

Therefore, we need only take into account intermediate states that precede a causal state in the ordering.
Based on this ordering we derive the properties of qualitative influences in ICI models. We will state these
properties compactly in terms of the difference function g.

Proposition 23. oc_x[f] =0<= g =0.

Proof. Using Eq. (9), we prove by induction that if P[g](e|c}) = 0 then g(m%) =0, for k =1,...,2"".

Basis. Let k = 1. Then P[g](e|c}) = g(mf) - P(m¥|ck). Since P(m}|cl) > 0 by Lemma 18, it must be the case
that g(m}) = 0 if P[g](e|el) = 0.

Inductive hypothesis. For i = 1,...,k, it holds that from P[g](e|c}) = 0 it follows that g(m}) = 0, and vice
versa.

Induction step. From the inductive hypothesis, it follows that:

Plg](ele}™!) = Z g(mi)P(mi[ef™") = g(m{™)P(mi*e}™).

As P(mf™!ck1) > 0 it follows that g(mé™) = 0 if P[g](e|ct™!) = 0, and vice versa. But then g(m}) = 0, for
i=1,...,27" O
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In order to distinguish the different signs of qualitative influences it is necessary to know when positive and
negative contributions are possible in principle. We first state an elementary relationship between positive and
negative contributions to the sign of a qualitative influence.

Lemma 24. 50_,5[](‘]((:1) >0 <— 5c_,E[_\f](C1) < 0.

Proof Using the result of Lemma 11, we derive
dc-elfl(er) > 0 <= P[f,](eler) — Plfa](eler) >0
< (1 = Plful(eler)) — (1 = Plfa](eler)) <O
< P[~/ul(eler) — P[=ful(eler) <O
<~ 5C~>E[_‘f}(cl) < 0. O

Exploring the initial function values of the difference function g, as defined above in Definition 22, yields
further insight into the properties of qualitative influences. Note that we use the definition here by taking
b=1.

Lemma 25 lists a sufficient condition for observing a positive value of dc_g[f](c;).

Lemma 25. For every ICI model with interaction function f it holds that
Vz,r = dg [5C~>E[f](cl) > 0}

Proof. Recall from Definition 22 that it holds that

Ve =3m[g(m;) =1 AVm| <mfg(m)) e {0,1}]].

Choosing ¢; = m; we obtain P[g](e|c;) = Zm,lgclg(m/1 )P(mi|c;) according to Eq. (9). Since for each m| < ¢, it
holds that g(m/) € {0,1} and g(m,;) = 1 with P(m;|c;) > 0 we have proved the lemma. [
We present a similar result for negative values of dc_z[f](c).
Lemma 26. For every ICI model with interaction function f it holds that
Ve = 3ei[ockf](er) < 0.

Proof. Recall that ¥, = 3m,[g(m;) = —1 AVm| < m[g(m]) € {~1,0}]]. If we use —f in Lemma 25 and the
correspondence —f,,(m;) — —f;(m;) = 1 <= g(m;) = —1 then we obtain

Im;[g(m;) = —1 AVm| < m[g(m)) € {—1,0}]] = Je1[0c—e[~f](c;) > 0].

From Lemma 24 it follows that dc_g[—f](¢1) > 0 <= dc_r[f](c1) < 0 = dc—g[f](e1) < 0, which proves the
proposition. [

The reason why we can find a positive (or negative) value of dc_z[f](c;) follows from the fact that we may
choose a configuration ¢, that renders all configurations m, that are larger than or incomparable with ¢; irrel-
evant. This is visualized in Fig. 4.

If we consider the functions f,, and f,, then one of four different situations may arise. First, if neither V;
nor ¥, hold then the inductive argument of Lemma 23 holds and J¢_z[f] = 0. Second, if both V' and V',

Fig. 4. Illustration of Lemma 25; horizontal bars represent true (black) and false (white) values of f,,(m;) and f,(m,), respectively. We
only need to consider configurations m; < ¢;, i.e. the configurations contained within the dashed region.
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hold, then we have two incomparable configurations m; and m| that render dc_z[f](c) positive and negative,
respectively. This leads directly to the following proposition.

Proposition 27. VAV, = dc_glf] =~.

Third, if ¥ holds and V', does not hold then there is a positive value of dc_z[f](c;) for some configuration
¢; of C; such that dc_g[f] is either + or ~. Under a specific condition we can infer that the sign must be
positive.

Proposition 28. If V7 and —3m[g(m1) = —1] then dc_g[f] = +.

Proof. The proposition follows from the observations that dc_x[f](¢) > 0 for some ¢ and no negative contri-
bution to the sign of the qualitative influence. [

The paper by Lucas [13] includes tables for Boolean functions defined in terms of the 16 binary Boolean
functions. We use these results in the following example.

Example 29. For both the AND and the OR operator, we have dc_g[f] = + since for both operators it holds
that the difference function g = f,, — fi is non-negative and positive for at least one m;, which implies that the
conditions of Proposition 28 hold.

If the conditions of Proposition 28 do not hold then we know for a fact that the sign is ambiguous, since it can
be either non-monotonic or positive if the parameters are unknown.

Proposition 30. If V' and 3m[g(m;) = —1] then éc_g[f] =7

In order to prove Proposition 30, we need to prove that if V;: holds, and 3m, [f,,(m;) < f;,(m;)], then we can
find parameters such that dc_g[f] = ~ and other parameters such that é._z[f] = +. The non-monotonic case
is easily proven by the following lemma.

Lemma 31. [ 3m;[g(m;) = 1] A 3m][g(m]) = —1] then we can choose parameters such dc_glf] = ~.

Proof. From Lemma 20 it follows that we can choose parameters such that dc_g[f](¢;) = g(m;) =1 and
Sc-clf)(e) = glm)) = 1. O

It is more complex to prove that we can also find parameters such that dc_g[f] = +. The proof is given in
Appendix A and relies on the fact that we can always find parameters such that the negative contribution re-
mains smaller than the positive contribution to the sign of the qualitative influence.

Lemma 32. If V; and 3m[g(m;) = —1] then we can find parameters such that oc—[f] = +.

Proof. See Appendix A. [

Finally, if ', holds and V'] does not hold then there is a negative value of d¢_z[f](¢;) for some configuration
¢; of C; such that dc_x[f] is either — or ~. Analogous to positive qualitative influences, under a specific con-
dition we can infer that the sign must be negative. This leads to the following proposition, whose proof is anal-
ogous to that of Proposition 28.

Proposition 33. If VV, and —3m[g(m;) = 1] then oc—g[f] = —.

Symmetrically to positive qualitative influences, if this condition does not hold then we know for a fact that
the sign is ambiguous since it can be either non-monotonic or negative if the parameters are unknown.

Proposition 34. If V, and 3m, [g(my) = 1] then oc—glf] =7

The proof that parameters can always be found to generate negative or non-monotonic qualitative influ-
ences proceeds in the same way as that for the positive qualitative influences.

In the above, we have shown how properties of the interaction function finfluence the qualitative properties
of ICI models. It is straightforward to recast properties of the difference function g in terms of properties of
the interaction function f'due to the identity g = f,, — f as is demonstrated by means of the prognostic model.
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( I: illness ) CT 1: treatment 1) (Tg: treatment 2)

- ) Y

Y Y
‘ S: survival ’

Fig. 5. Qualitative influences with respect to patient survival.

Example 35. We first consider the qualitative influence of 7 on S. In order to identify the qualitative behavior,
we need to investigate the curries f;, and f3. If we restrict B to T (i.e., b), we have

fb = (—|b A-E] A —|E2) \Y (E] A\ —\Ez) V (“E] /\Ez) = (E] A\ —‘Ez) \Y (—|E1 /\Ez).
In a similar vein we can reduce f; to ~(E; A E,). It follows that for g we have?

filer,e) = (e A —ey

gler,er) = filer,e2) — )V ) =0,
gler, @) = filer, ) — fi(er, @) = (e1 A—ex) V (—ep Aey) — —(e; Aey) =0,
) = Ji( )V )=0,

( )V

(_\61 A 62) — —\(el A €

g(er,e) = filer,ex) — fi (me1 Ney) — (e Aey

gler, &) = fier,e2) —

It follows that Proposition 33 holds, such that J;_s[f] = —. This negative influence of the serious illness on
prognosis is in accordance with the previously stated domain knowledge. We proceed in a similar way for
the qualitative influences of 7, on S and obtain the following results. For the qualitative influence of 7'y on
S we have f,, = —E; and f, = (=B A —E,) V E,. It follows that for g we have that g(i,e;) =0, g(i,e;) = 1,
g(1,e) = —1 and g(i,e;) = 0. As (i,e;) and (7, e;) are incomparable and have opposing signs, it follows that
Or,—s|f] = ~ according to Proposition 27. We remark that or, s[f] = ~ by symmetry. The qualitative influ-
ences are depicted in Fig. 5.

él,ez) = (él A )
e

1,8) = (e; A—e) V (—-e; ANey) ——(er Ney) = —1.

Previously, we have shown how properties of the interaction function f influence the qualitative properties
of ICI models. Next, we show that, by means of the propositions and lemmas that have been derived, we can
also immediately infer properties of interaction functions that should hold when a qualitative influence is
known. First, observe that, based on the lemmas and propositions above

(Vg A=3my[g(my) = —1]) v (V7 A 3my[g(m) = —1])V

(Vg A=3my[g(my) = 1) v (V; Admyg(my) =1]) V(g =0)
covers all possible cases. The first two conjunctions in this disjunction handle the positive qualitative influences
(due to Proposition 28 and Lemma 32). The third and fourth conjunctions in this disjunction handle the neg-
ative qualitative influences (by symmetry), and the last conjunction is a necessary and sufficient condition for
observing a zero qualitative influence (due to Proposition 23). The second and fourth conjunctions are con-
ditions that may lead to non-monotonic qualitative influences, and whose disjunction is equivalent to

3dm, [g(m;) = —1] A 3m,[g(m,) = 1]. The properties of interaction functions given a qualitative influence are
listed in Table 1.

Example 36. Suppose we knew the qualitative influences but not the underlying interaction function for the
prognostic model of Section 2.2. According to Table 1 we have:

51—>S[f] = - = V;B’
5]-14)5[](] = ~= Hml[gEl(ml) = 1} A Hm/l[gEl(mll) — _1],
5TzHS[f] =n~= 3m1[ggz(m1) =1]A E|m'l [gEZ(m’l) =—1],

2 Recall that in an arithmetic context, we interpret T as 1 and L as 0.
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Table 1
Properties of interaction functions given a qualitative influence
Qualitative influence Property of the interaction function
0 g=0
+
+ Vg
— V;
~ Imy [g(m;) = 1] A 3m)[g(m]) = —1]

where g = fy — f3,8x, = fo, — fo, and gz, = fe, — fo,. The results are indeed properties of the interaction func-
tion of the prognostic model, as represented by the Boolean expression (4). The first qualitative influence would,
for example, preclude choosing the AND and OR interaction functions, as both do not satisfy property V', .

4.2. Additive synergies

Additive synergies express how two cause variables C and C’' from the set of cause variables C jointly influ-
ence the probability of observing the effect E. Recall that the remaining cause variables are denoted by
C, = C\ {C,C'}. Using the general definition of additive synergy from QPN theory, the additive synergy
d(c.c)—(f] between C and C' given interaction function f'is determined by

Sc.on—elf1(e2) = Plf](ele, ¢, e2) + Plf](ele, &', €2) — Plf](elc, ¢, ¢2) — Plf](ele, &, €2). (10)

The analysis requires an isolation of cause variables C and C'. We apply the decomposition (7) twice and
obtain:

Plf](ele, ', ¢) = P(ml|e)P(m'|¢")P[h](e|c2) + Plfinaw](elez) + P(m|e)Plfonn — fnn](ele2)

+ P(m' [P frm — fuaw](e]e2), (11)
where the function 7 : B" > — {—2,-1,0,1,2} is defined as
h(mZ) = f;n,m’ (mZ) + fmm’ (mZ) - f;n:m’ (mZ) - fmm’ (m2) . (12)

The function /4 is also sometimes indicated by /. By inserting Eq. (11) into (10), we obtain
d(c.cn-elf1(e2) = (P(mlc) — P(mlc))(P(m'|c") — P(m'|c"))Plh](e]cy).

Under the assumptions that P(m|c) > P(m|¢) and P(m'|c') > P(m’|¢’), which holds under the assumption of
accountability, we may write

dc.cn-elf](e2) oc Plhl(efe).

We take a similar approach as for qualitative influences and use an ordering on configurations of M, and C,
which now range from m; to m,.— and from ¢; to ¢,.» respectively.

The structure of the expression for qualitative influences and additive synergies is essentially the same,
where the only difference is that we sum over 2" instead of 2"! configurations and g is replaced by /. If
we consider the proofs of Lemmas 24-32 and Propositions 23-34 in the previous section, then we find that
none, with the exception of Lemma 32, are dependent upon these two differences. Due to the analogy between
qualitative influences and additive synergies, we state the results in terms of the difference function / without
proof.

A necessary and sufficient condition for observing a zero additive synergy is easily found.

Proposition 37. (¢ c)_g[f] =0+= h=0.
Again, interaction functions f'and their negations —f lead to opposite contributions to the qualitative sign.
Lemma 38. 5(C,C')—>E(c2) >0 <— 5(C$C’)—>E[_‘f} (02) < 0.

We next investigate the implications of function values of the function /, as defined above in Eq. (12), using
Definition 22, for the qualitative properties. Here we take » = 2. An analysis of positive and negative contri-
butions to the sign of the additive synergy is given by Lemmas 39 and 40.
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Lemma 39. For every ICI model with interaction function f it holds that
Vi = 3eafd(c.oy-elfl(e2) > 0].

Lemma 40. For every ICI model with interaction function f it holds that

V; = E'Cz[é(C’C/)HE[f](Cz) < 0}

Non-monotonic additive synergies are identified by Proposition 41.

Proposition 41. V; AV, = dccn—elf] =~

Positive additive synergies are identified by Proposition 42 and ambiguous additive synergies (either non-
monotonic or positive signs) are identified by 43. We can always choose parameters such that this ambiguous
additive synergy reduces to a non-monotonic or positive additive synergy. The proof is similar to the proof in
case of qualitative influences and is omitted here.

Proposition 42. If ¥,/ and Vm,[h(my) € {0, 1,2}] then 6c c_plf] = +.

Proposition 43. If V[ and 3m,[h(m,) € {2, —1}] then dcc)—plf] =7

Symmetric results are obtained for negative additive synergies in Proposition 44, where Proposition 45 iden-
tifies ambiguous additive synergies which can be either non-monotonic or negative, depending on the
parameters.

Proposition 44. [f V" and Vmy[i(my) € {—2,—1,0}] then (¢ c)_g[f] = —.

Proposition 45. If V,” and 3Imy[h(m,) € {1,2}] then 6 cy—g[f] =7
We use the results of Lucas [13] to verify some of our results.

Example 46. For the AND operator, we have ) g[f] =+ since the difference function
h(my) = fow(M2) + fr5 (M2) — fiw (M) — fr,(My) must be non-negative and positive for at least one
configuration of my. On the other hand, for the OR operator we have (¢ ¢)_.[f] = — since / is non-positive
and negative for at least one configuration of my.

We can recast properties of the difference function / in terms of properties of the interaction function f as
we have the identity & = f,,,w + faw — famw — fum. We illustrate the results concerning additive synergies by
means of the running example, shown in Fig. 3.

Example 47. With regard to the additive synergy between the treatments 7 and 7>, we have f, ., = L,
feen=-Band f, , = foz =T. We then have h(b) = —2and h(b) =—1 such that O, r,)_s[f] = —
according to Proposition 44. This agrees with the observation that the administration of one of both
treatments is optimal, whereas administration of both treatments yields a suboptimal result. With regard to
the additive synergy between I and Ty, we have fj ., = ~Es, fi,, =T, f;,, = ~E2 and f},, = E>. We then
have that #(ey) =0 and h(e2) = 1 such that 0 r,)_s[f] = + according to Proposition 42. We also have
0(1,1,)—slf] = + by symmetry. This is in agreement with the fact that when a treatment is administered to an ill

+
e e e e e — o ,
] ]
‘ - -
I: illness -——(T1: treatment 1} ---(T5: treatment 2
Y Y Y
[ S: survival ]

Fig. 6. Additive synergies with respect to patient survival.
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person, or when no treatment is administered in the absence of the illness improves survival in comparison to
when a non-ill person is treated or when treatment is not given to an ill person. The additive synergies are
depicted in Fig. 6.

So far, we have only considered the qualitative behavior of a given interaction function. Again, we infer
properties of interaction functions that should hold when an additive synergy is known. These properties
are shown in Table 2 and have straightforward derivations due to the correspondence between qualitative
influences and additive synergies. An example is again provided by considering the qualitative properties of
the prognostic model.

Example 48. Suppose we knew the additive synergies but not the underlying interaction function for the
prognostic model. According to Table 2 we have

Srvry-slfl ===V, .,

where Az, g, = fe, e, + fo16, — Jo1.00 — fer.5,- This is indeed a property of Boolean expression (4) that represents
the prognostic model, as may be verified. This constraint would, for example, exclude the AND Boolean func-

tion, as it does not satisfy property VhE -

4.3. Product synergies

Product synergies describe the created dependence between two causes when the value of the effect variable
is observed. The sign 5?C,C,>HE [f] of a product synergy between C and C’ with respect to e when f'is the under-
lying interaction function, is determined by

Sic.orilf1(e2) = Plf](ele, ¢’ e2)Pf](ele, ', e2) — P[f](efe, ', e2)P[f](ele, &, 2).
This can be rewritten for £ = T (presence of the effect has been observed) to
(c.cr—elf1(e2) = P(mlc)P(m'|c") (P[h] (el e2) P fim](ele2) — Plfui — faw](ele2)Pfm — fam](ele2)),
where again h = f,,w + faw — famw — fuam. Under our standard assumption of accountability, this yields:
5fc,c’>ﬂE[f](°2) o< Plh](e|e2)P[fm](e]e2) = Plforw — fam](ele)Plfnm — fum](ele2).
This can be alternatively written as
O(c.c—elf1(€2) o< Plfyw](elea)Plfim](ele) — Pfimw](elea) Pfonm](eles).
Using the distributive law of arithmetic, we obtain

dc.cn—elf1(€2) o< Plfuw](ele2)Plfnm](ele2) — Plfaum](eler)Plfum](e]c2)
= (Zf;n‘m’(mZ m2|c2 > <mem mz m2c2)>

- (me‘m/(mZ m2|c2 ) (mem mz m2|02)>
= > r(my,my)P(myfe;) P(m)c),

/
my ,mz

Table 2

Properties of interaction functions given an additive synergy

Additive synergy Property of the interaction function
0 h=0

+ V ,T

— v,

~ S [h(ms) € {1, 2}] A Imh(m) € {~2, —1}]
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where the function 7 : B"? x B"* — {—1,0, 1} is defined as follows:
r(my, my) = £ (M) fi, 0 (0) = [ (M02) fr v (013). (13)

We will also sometimes use the notation r, . From the expression above, it follows that the behavior of the
product synergy is determined by the function r.

It appears that it suffices to carry out the analysis for £ = T (the effect has been observed to be present), as
application of the following lemma renders the analysis of the qualitative behavior of the product synergy for
E = 1 (absence of the effect has been observed) a straightforward exercise.

Lemma 49. 6(c [ﬁf]fécc,ﬂE[f}

Proof
Sc.cn—p[f1(€2) o< Pl fiaw](ele2) P[] (ele2) — Pl /] (ele2) P fu](ele2)
— (1= Plfpu](ele2)) (1 = Pl (ele)) — (1 = Plfo](ele2))(1 = Plfoul(elc))
= P{fuwl(elc2)Pfnl(elc2) — Plfam](elc2)Plfna](elc2) o e oy plf1(e2). O
Hence, if 6(¢ ) z[f](c2) has a particular sign for configuration ¢, then 5?C,C’)H £1f1(c2) will have the same

sign. Therefore, the sign of the product synergy for E = T with interaction function # " will be the same as
that for £ = L with interaction function f. Due to this relationship between the signs of the product synergy
for E =T and E =1, we will only consider the case where £ = T. Recall that by Lemma 8, we have the fol-
lowing interesting relationship between product synergies and additive synergies, which offers an alternative

way to compute the product synergy 5?C,C,)H5[f}(c2), based on the associated additive synergy
d(c.c-elf](e2) and the associated product synergy &(c ¢, z[f](€2):

5?c,c’p5[ﬂ (e2) = 5'(3c,c’)ag[ﬂ (€2) = dc.or—elf](e).

Lemma 8 is useful for constructing tables of signs for particular Boolean functions, as it saves constructing one
of these tables.

Example 50. The paper by Lucas [13] includes tables for Boolean functions defined in terms of the 16
binary Boolean functions. Consider the AND operator, A; its additive synergy is equal to 5(C,C’)HE[/\] =+,

whereas its product synergy for E = T is equal to J; (€.C')— £[A] = 0. Lemma 8 tells us that the product synergy
for E = Lisequal to (¢ ¢ _g[f] = —, which is 1ndeed the value for the product synergy for £ = 1 in Table 12
n [13].

In the following, we derive sufficient conditions for observing particular qualitative behavior in terms of prod-
uct synergies.

Propesition 51. 6(c o z[f] = 0 if it holds that
Vg, 0 [(fon e (M2) A fi e (05)) = (fon e (M02) A f e (005))].

Proof. Note that if the premise holds, then, according to Definition (13) of the function r, we have that
r(my,my) = 0, for each my, mj, and thus 6. ([f] =0. O

A special case of this proposition, is the following condition:
(fm,m’ =1 vf;hﬁl’ = J—) A (fm,rh’ =1 vfrhm’ = J~)7

i.e., if at least one Boolean function at both sides of the negation of Definition (13) is equal to falsum, then a
zero product synergy results.

We again determine conditions under which 6. ., 4[f](c2) is positive or negative. Similar to previous sec-
tions, we use the notations ¥, and ¥, this time in terms of the function r defined above; for example V"
means that

Jmy, m;[[r(my, my) = 1] AVm;, < mp,m; < m,[r(my, m)’) € {0, 1}]].
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Lemma 52. For every ICI model with interaction function f we have
V= 3l glf1(e2) > 0]

Proof. Simply note that if r is initially non-negative, we have a positive (¢ ) z[f](c2) for at least one value ¢
by definition. [

An example of a positive value of 6( ) .[f](¢2) is demonstrated in Fig. 7.
A similar result holds for negative values of d(. -, [f](¢2) and the proof is analogous to that of Lemma 52.

Lemma 53. For every ICI model with interaction function f we have
V, = 30d(c.o)plfl(e2) <O

The following proposition follows directly from the definition of a non-monotonic product synergy.

Proposition 54. If both V' and V. hold then 6{c ¢ _g|f] = ~.

It also follows directly from Lemmas 52 and 53 that if V' holds and ¥ does not hold, then the sign of the
product synergy is either positive or non-monotonic. Conversely, if ¥ holds and V" does not hold, then it
follows that the sign of the product synergy is either negative or non-monotonic. The following two proposi-
tions identify under which conditions the sign of a product synergy is known to be positive or negative,
respectively.

Proposition 55. If 3m;, m)[r(my, m}) = 1] and Vmy, m[r(my, m3) > O] then it holds that 5(c o _g[f] = +.

Proof. This is just the general case of Lemma 52, where we ensure that the conditions listed for configurations
m; < m,, m)’ < m), such that »(m},m}’) > 0 not only hold for configurations smaller than m,, m), but for all

configurations mj # m,, m}’ # m;. [J
Proposition 56. I/ 3my, m)[r(my, m;) = —1] and Vmy, m;[r(my, my) < 0] then it holds that 6(c oy 4[f] = —.

Proof. This is the generalized case of Lemma 53. [
The cases that are not covered by the above propositions will be categorized as ambiguous.
Proposition 57. If none of Propositions 51-56 hold then &{¢c c_g[f] =7

Proposition 57 collects those cases for which no sufficient conditions for observing a particular sign of a
product synergy have been derived. In such cases, the sign can still be positive, negative or non-monotonic,
depending on the parameters and depending on the structure of the interaction function. It is important to
realize that due to Lemma 49, the above results equally hold for the case where £ = | whenever we replace
each occurrence of f by —f.

We illustrate the results concerning product synergies again by means of the prognostic model, depicted in
Fig. 3.

Fig. 7. Hlustration of Lemma 52. Similarly to Fig. 4, the horizontal bars represent the truth values of f,,,(my), f&x(ma),
fm,m (m2) and fm,rh (mz)
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Y
‘ s: survival = T ’

Fig. 8. Product synergies with respect to patient survival.

Example 58. We first focus on the case where we hypothesize that the patient will survive, i.e., S = T. With
regard to the product synergy between treatments 7 and 7,, we have that f, . =1,
fee, =B and f; ,, = fee, = T. Condition 3 of Proposition 56 is satisfied since 7(B,B') = —1 for each
value of B,B’, and thus {7, 1, s[f] = —. This agrees with the observation that we expect that one of both
treatments was administered given that we observe patient survival. With regard to the product synergy
between / and T, we have that f,., = =E», f3, = T, f3,, = ~E» and f},, = E5. Condition 1 of Proposition
55 is satisfied since r(es,e,) = 1, whereas r(E», E5) =0 for any value of E,, E), with the exception of
Ey =1 and E) = L; thus &, 7, _s[f] = +. Hence, it is likely that treatment 7', is administered given disease
progression and patient survival and that treatment 7' is not administered given no progression and patient
survival. It is less likely that treatment 7'; is administered given no progression and patient survival and that
treatment 7; is not administered given disease progression and patient survival. The same holds for the
product synergy between / and T, by symmetry. The results are summarized by Fig. 8.

As has been proved in Lemma 49, we can use also the derived propositions for £ = L by replacing f with
-f. With regard to the product synergy between T and 7>, we have that —f, ., =T,
—f2,2 =B and —f; ., = —f,, 5 =L. Condition 3 of Proposition 55 is satisfied, since r(B,B’) =B, thus
5§T1,T2)—>S [f] = +. With regard to the product synergy between / and T, we have that —f, ., = Ez, 3, = L,
“frey = E2 and —fy o, = —E), thus r(Es, Ej) = —(Ex A—E;). We classify the product synergy as
5‘E,$T]>ﬁs[f] = —. The same holds for the product synergy between / and 7, by symmetry. The results are
summarized by Fig. 9.

C I: illness }——_——Cle treatment 1}———1_——<T2: treatment 2)
Y Y Y

‘ 3: survival = L ’

Fig. 9. Product synergies with respect to patient death.

Table 3

P?(l))pzrties of interaction functions given a product synergy for £ = T

Product synergy Property of the interaction function
0 —VEA=VS

+ -V,

— a2

~ 3my, m) [r(my, mj) = 1 A 3my, mj [r(my, m}) = —1]
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Again, we look at the converse analysis from qualitative specification to constraints on interaction func-
tions using the propositions and lemmas that have been derived. Properties of product synergies with the effect
observed to be present (E = T) are shown in Table 3 and are derived by negating the properties for opposite
signs when E = T. For example, since V', with E = T implies that there is a configuration ¢, of cause variables
such that (¢ ) g[f](c2) > 0 (Lemma 52), we know that =¥ must hold for negative product synergies with
E = T. Likewise, =¥, must hold for positive product synergies with £ = T. For the same reason, =V, A =V
must hold for zero product synergies with £ = T. For non-monotonic product synergies it holds that
Propositions 55 and 56 must both be false. Since, according to Proposition 51, it cannot be the case that
Vm,, m) [r(m,, m)) = 0], it must hold that both Im,, m)[r(m,, m}) = 1] and Im,, m’[r(m,, m}) = —1]. Properties
of product synergies with £ = | are obtained using Lemma 49 by replacing the function r with the function

?(m27 m/2) = _'.fm,m’ (mZ)_'f;ﬁ‘,rh’ (mlz) - _'frh,m’ (mZ)_'f;n.ﬁt’ (mlz) .

In order to demonstrate this converse analysis, we look at the product synergy between treatments 7, and T,
of the prognostic model.

Example 59. Suppose we knew the product synergies but not the underlying interaction function for the
prognostic model. For the product synergy between treatment 7'y and T, with the effect assumed to be present
(E=T), we have

e _ +
5(T1,Tz)ﬂs[f] =—-= _‘Vr,.;l_,.;zﬂ
whereas its product synergy for the effect assumed to be absent (E = 1) is given by

5?T|,r2)ﬂs[f] =+= -V,

TE|Ey "

Note that here we use the complementary function 7g, g,. Again, it may be verified that these are properties of
the Boolean expression (4) that underlies the prognostic model. For example, these properties are not satisfied
by the AND function, which, therefore, cannot be selected as a basis for a prognostic model that satisfies the
given qualitative constraints.

5. Discussion

This paper offers a detailed analysis of ICI models that employ Boolean interaction functions. In contrast to
previous work, [13], the present paper offers a characterization of ICI models based on Boolean functions in
general, and it can, thus, be used as a foundation for the analysis of any of such ICI models. It was shown that
QPN theory can be applied to these models in order to characterize model behavior in terms of influences and
synergies. By making use of difference functions and an order on Boolean tuples we were able to derive both
the conditions under which positive, negative, zero, non-monotonic and ambiguous signs for qualitative influ-
ences, additive synergies and product synergies are observed and the constraints these signs impose on the
underlying interaction functions.

The theory developed in this paper allows one to identify whether a particular ICI model with a chosen
interaction function can fulfill the specified qualitative properties in principle. This is a useful development
since without the theory one would need to estimate the conditional probabilities P(#'¢) for each of the causes
and exhaustively compute the influences and synergies for the model as in Section 2.3. By means of the theory,
the qualitative behavior can be read off directly from the underlying interaction function.

The developed theory can also be employed for placing direct constraints on the structure of the underlying
interaction function given a qualitative specification in terms of influences and synergies, as demonstrated by
Tables 1-3. These results can also be used to generate the set of interaction functions that respect the con-
straints which facilitates the selection of a suitable interaction function for problems that can be represented
as ICI models. Even though there exist a superexponential number of interaction functions, it may still be pos-
sible to identify a small set of interaction function that respects a (partial) qualitative specification. This results
from the fact that most interaction functions are characterized by ambiguous influences and synergies whereas
this is not to be expected for most real world models.
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In conclusion, we believe that the theory can aid in Bayesian network construction, where the prognostic
model served as an example to illustrate the usefulness of the theory in practice. If the ICI assumptions hold
then the appropriateness of an interaction function can be determined without the need to specify the param-
eters in advance and properties of the interaction function can be derived from a qualitative specification.

Appendix A

Lemma 32. If V] and 3m[g(m,) = —1] then we can find parameters such that dc—glf] = +

Proof. It suffices to prove that Ve[dc_g[f](c) = 0] for some choice of the parameters. We know that there
must be some configuration m; with g(m;) = 1 and for all conﬁgurations m{ < my it holds that g(m{) € {0,1}.
We assume that Vm{ < m;[g(m]) = 0] and Vm| > m; [g(m]|) = —1], which minimizes P[g](e|c). The incom-
parable configurations must be either zero or positive (otherwise a non-monotonic qualitative influence is
implied) such that these cannot contribute negatively. We therefore obtain

Pgl(eler) > T Plmcle)™ P(mcle)™™ — Y~ P(miler). (A1)
CeCy m’] >m
By choosing P(mc|c) =1 for each C such that M- = T, we obtain

glleler) = [ Plmcle) ™ - Z [T Pmcle)* "< p(inc|e) ")

CEC] m >m1 C€C1

due to the fact that if M c= = 1 then M. = T or M, = L. Given that for each m/ there must exist at least one
cause Cym) With u : B! — {1 ...,n}, such that M;(m,l) =T and M) =L, we obtain

l —m A
|Cl H P € — Z P(mu(m/l)|cu<m/)).
CeC m’]>m1
By distinguishing present and absent causes, we may write
gl(eler) H P(inc|c) " — Z Py |Cutm )&“("‘i) L' Gt
CeCy m| >m;
A key step is to distinguish C, into C, = {C|C € C,Vm]| > m,[C # C“(m’l)i} and C, = {C|C € C,Im]| >
m; [C = Cym)|}, such that
(eler) = H P(imclc)! ") H P(ime ) — Z P(myut)|utm )6““"'1) 0" G
CeC, C'eCy m| >m,

By choosing P(inc|c) = g for each C € C, such that Mc = L and choosing P(mym)|cum))) = p for all mj > my,

we obtain
e ¢ o 1-¢
€|C1 | I (1=mc)e | I 1 )(1 e )é § u(m) .0 u(ml)'

ceC, c'eC, m’l >m
Let w be the cardinality of {m||m| € B""',m/ > m, }. As there are at most n — 1 cause variables in C;, we obtain:
Plgl(eler) = ¢"(1 = p)" —wp,

where w is the cardinality of {m//m| e B"' m, > ml} It follows from Bernoulli’s inequality that
Plg](eler) = ¢"(1 — np) — wp, such that by choosing p < =—. we have ensured that P[g](e|c;) > 0. As there
must be at least one configuration of C; for which P[g](e|c;) # 0, we have proved the proposition. O
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